Abstract-With the rapid growth in video-based services, and as users are becoming increasingly quality-aware, the reliable estimation of video quality has become extremely important. While a multitude of objective Video Quality Assessment (VQA) metrics with various performance and complexity have been proposed, the nonlinearity of video quality and the lack of clear interpretations of the metrics make difficult to understand how the objective metric values reflect the video quality as perceived subjectively in terms of Mean Opinion Scores (MOS). This paper proposes and evaluates a methodology for mapping objective VQA metric values to subjective MOS scores based on publicly available VQA databases. Three different databases were used for comparing the performance of various objective metrics and evaluating the proposed methodology.
I. INTRODUCTION
O VER the past few years there has been an increasing adoption of in Internet multimedia services and applications such as video-on-demand, IPTV and video conferencing. It is expected that these services will continue to grow at a fast pace, with the mobile video in particular being estimated to increase 14-fold between 2013 and 2018, and to reach 69% of the global mobile Internet traffic by 2018 [1] . At the same time, mobile users are increasingly becoming quality-aware with the proliferation of high-definition multimedia content and high resolution device displays [2] .
In this context, it has become extremely important to be able to reliably estimate the quality of multimedia services, in order to provide the users with a good Quality of Experience [3] . Researchers and industry alike have recognised this, and much work has been conducted in order to develop objective VQA metrics that can be implemented with multimedia services for automatic estimation of video quality without the need for the users to provide their opinion [4] .
However the usability of objective VQA metrics is limited by the lack of clear interpretations of their values and how these reflect the subjective user-perceived video quality expressed on the MOS scale (i.e., 1 -bad, 2 -poor, 3 -fair, 4 -good, and 5 -excellent) [5] . This paper addresses the issue by proposing a methodology for mapping the values of objective VQA metrics to subjective MOS scores. The methodology builds on previous research works in the area, and makes use of data from public VQA databases [6] . The quality estimation performance of six different full-reference objective VQA metrics was evaluated on three different databases, and the proposed methodology was exemplified and evaluated for the best performing metric.
The rest of the paper is structured as follows. Section II briefly presents the state of the art in the area of video quality assessment. Section III presents the proposed methodology for mapping objective VQA metric values to subjective MOS scores, while Section IV presents the evaluation results. Section V draws conclusions and presents future work directions.
II. VIDEO QUALITY ASSESSMENT BACKGROUND
There are two main approaches for assessing the video quality, namely subjective VQA methods and objective VQA metrics [7] .
A. Subjective VQA Methods
Subjective methods for video quality assessment are considered the most accurate and reliable way for assessing the video quality. Several subjective VQA methods are standardised by ITU in the recommendations ITU-R Rec. BT.500 [8] for television and ITU-T Rec. P.910 [9] for multimedia applications. These standards provide useful guidelines and instructions regarding the selection of the subjects and of the test material, the setup of the test environment, the rating scales to be used for assessment, as well as the methods for analysing the data.
There are two major subjective VQA approaches based on the presentation of test sequences: double stimulus (DS) and single stimulus (SS). In case of DS methods such as the Degradation Category Rating (DCR) [9] , viewers are presented with pairs of sequences and are asked to rate either each sequence individually or to rate the difference between them. SS methods such as the Absolute Category Rating (ACR) [9] , enable a higher number of test sequences to be rated in the same testing duration.
Various discrete (e.g., 1 -bad to 5 -excellent) or continuous (e.g., 1 to 100) scales can be used for rating purposes, although when compared against each other they were shown to lead to very similar results as long as a careful test design is conducted and clear information is provided to participants [10] .
A multitude of subjective studies were conducted by various research groups such as for example the Video Quality Experts Group (VQEG) 1 with some of these being overviewed in [11] . Moreover, the results of many studies have been made accessible to other researchers as public VQA databases [6] .
B. Objective VQA Metrics
As the need for subjects opinion renders unfeasible the use of subjective VQA methods in real-world applications, there has been much research work on proposing objective VQA metrics that quantify mathematically the video quality. Objective VQA metrics are wildly employed for assessing the video quality in both prototype-based [12] and simulationbased solutions [13] . Relative to the presence of the original reference video stream unaffected by the factors under test, the existing objective VQA metrics can be classified in: noreference (NR), reduced-reference (RR) and full-reference (FR) metrics [7] .
NR objective VQA metrics have a high flexibility as they do not require the presence of the reference video. These metrics quantify the video quality based on various factors such as blockiness (i.e., distortion common to block-based compression algorithms such as H.264) blurring, jerkiness, ringing, etc. [14] .
RR objective VQA metrics aim to provide a compromise between the measurement accuracy and flexibility of use. They use only some information extracted from the reference video, such as the amount of motion or spatial detail, which have lower bitrate and are more feasible to be transmitted over the communication channel [15] .
FR objective VQA metrics enable the highest quality estimation performance, but they require the presence of the reference video, as well as precise spatial and temporal synchronisations, and luminance and colour calibration between the original and the impaired videos. The Peak Signal-to-Noise Ratio (PSNR), is the most widely used FR objective metric due to its simplicity, even though is often criticised for having a poor correlation with the subjective tests [16] . A multitude of more complex metrics based on natural visual characteristics, or that aim to model the Human Visual System (HVS), have also been proposed [4] . These metrics incorporate factors such as colour perception, contrast sensitivity or pattern masking, with one example being the Structural Similarity Index (SSIM) metric and its different variations [17] . The subjective user-perceived video quality is usually expressed using discrete MOS scales, such as the 5-point scale (i.e., 1-Bad, 2-Poor, 3-Fair, 4-Good and 5-Excellent). As opposed, the objective VQA metrics return quality values on various specific continuous scales such as for example 1-100 in case of the PSNR metric [16] , or 0-1 in case of the SSIM metric [17] .
Since the video quality is usually a non-linear measure [18] , it is difficult to interpret the objective quality values in terms of MOS scores. Moreover while there is much research work being made on proposing objective quality metrics, there is little research that provides clear mappings of the objective VQA metric values to subjective user-perceived quality levels expressed on the MOS scale. This is because the evaluation of objective metrics is usually limited only to indicating how well they correlate with the subjective MOS scores. Table I presents two mapping solutions that were found in the literature for the PSNR metric [19] , [20] , as well as a mapping for the SSIM metric [20] .
The steps of the proposed methodology for mapping the values of an objective VQA metric to the subjective MOS scores based on subjective data from public VQA databases, are presented next.
B. Mapping Methodology Steps
The proposed methodology for mapping objective VQA metric values to subjective MOS scores consists of the following steps:
Step 1: Identify and select suitable VQA datasets by consulting available public VQA databases, or alternatively obtain the data through a comprehensive subjective study. The datasets should provide a clear description on how the data was collected and processed, should consider multiple sequences covering a broad range of content characteristics (e.g., news, sports, cartoons, etc.), should provide both the reference sequences and the test sequences affected by the various artefacts tested, and should provide at least the subjective MOS scores and standard deviations if not all the individual participants' ratings.
Step 2: Convert all subjective ratings to the same scale, if necessary when using data from multiple VQA datasets. The set of subjective ratings corresponding to the test sequences form a VQA dataset s, can be expressed conceptually as in (1).
where k represents the test sequence index, while N s represents the number of test sequences from the dataset s.
Step 3: Compute the values for the objective VQA metric for which the mapping is desired, for all the test sequences. Similarily, the set of objective VQA values (OM) corresponding to the test sequences form a VQA dataset s, can be expressed conceptually as in (2).
Step 4: Perform nonlinear regression between the subjective MOS scores and objective VQA values. This step is necessary as subjective rating data are often compressed at the ends of the rating scales, and it is not reasonable for objective models of video quality to mimic this weakness of subjective data [21] . A nonlinear mapping function that is commonly used as it was found to perform well empirically [21] , [22] is the cubic polynomial, expressed as in (3) .
where M OS Step 5: Evaluate the mapping performance by analysing the goodness of the nonlinear fitting indicated by the R 2 measure. An R 2 value closer to 1 indicates a better performance.
Step 6: Compute lower and upper objective VQA metric threshold values corresponding to the different MOS quality levels, by applying inverse interpolation on the nonlinear regression model.
IV. EVALUATION OF THE MAPPING METHODOLOGY

A. VQA Databases
Subjective data from three public video quality assessment databases were used in order to evaluate the quality estimation accuracy of six different objective VQA metrics, as well as the proposed mapping methodology for the best performing metric. The three databases were selected because they considered the impact of distortions that are introduced by current generation video codecs such as H.264/MPEG-4 AVC. Moreover, each database considered multiple test sequences with different content characteristics, and combined the databases cover a broad range of video resolutions.
The ETFOS CIF Video Quality (ECVQ) database [23] contains 8 progressive reference sequences in the raw YUV 4:2:0 format, each of them having a CIF (352×288 pixels) resolution, a 25 fps framerate, and a 12 seconds duration. Moreover, the database contains 90 test sequences, compressed at different bitrates from 73 kbps to 827 kbps, approximately half of them using the H.264/MPEG-4 AVC codec and the other half using the MPEG-4 Visual codec.
The ETFOS VGA Video Quality (EVVQ) database [23] 
The LIVE Mobile Video Quality Assessment database [24] , consists of 10 progressive reference sequences in the raw YUV 4:2:0 format, each of them having a HD 720p (1280×720 pixels) resolution, a 30 fps framerate, and a 15 seconds duration. The video quality subjective data corresponding to 40 test sequences compressed using the H.264 codec at bitrates between 0.7 Mbps to 6 Mbps, was used for evaluating the performance of various objective metrics. The 40 sequences were rated on a smaller screen smartphone with a resolution of 960×540, while half of them were also rated on a larger screen tablet with a resolution of 1280×800.
Single stimulus with hidden reference subjective evaluation methods were used for all three databases. The databases contain the MOS scores for each test sequence averaged across all participants as in (4) .
where k is the test sequence index, i is the participant index, N is the number of participants, while d ik are difference scores obtained on a per subject per test sequence basis. The difference scores for the ECVQ and EVVQ databases were computed as in (5) and could take values between 0 to 100, with 100 being the highest quality [23] . As opposed, the difference scores for the LIVE Mobile database were computed as in (6) and could range between 0 and 5, with 0 being the highest quality [24] .
where s ik represents the rating of the participant i for the k test sequence, while s ik (ref ) represents the participant's rating for the reference video from which the sequence was obtained.
To have all data on the same scale, the MOS scores for the LIVE Mobile database were converted to the same 0-100 scale as for the ECVQ and EVVQ databases. This was done according to the formula from (7) . 
B. Objective Metrics Computation
The Video Quality Measurement Tool (VQMT) [25] version 1.1, provided by the Multimedia Signal Processing Group (MMSPG) at Ecole Polytechnique Fédérale de Lausanne (EPFL) was used in order to compute the following six fullreference objective VQA metrics: Peak Signal-to-Noise Ratio (PNSR) [16] , Structural Similarity Index (SSIM), Multi-scale Structural Similarity Index (MS-SSIM) [26] , Visual Information Fidelity pixel domain version (VIFp) [27] , PSNR taking into account Contrast Sensitivity Function (CSF) (PSNR-HVS) [28] , and PSNR taking into account Contrast Sensitivity Function (CSF) and between-coefficient contrast masking of DCT basis functions (PSNR-HVS-M) [29] .
Each objective VQA metric is computed for all the test sequences from the three databases. For each test sequence the metrics are computed relative to the source uncompressed clip. This is done on a frame-by-frame basis, while the persequence value of an objective VQA metric is taken as the average across all video frames. The MMSP VQMT tool has the advantage of being command line and thus it can be used for batch computation in case of multiple test sequences.
C. Objective Metrics Performance Comparison Results
The video quality prediction performance of the considered objective VQA metrics was compared in terms of accuracy, monotonicity, and consistency [4] , [22] . The prediction accuracy is usually quantified through the Pearson Linear Correlation Coefficient (PLCC) and the Root Mean Square Error (RMSE). The Spearman's Rank Ordered Correlation Coefficient (SROCC) is usually used in order to quantify the monotonicity of the objective metric predictions with respect to human scores. The Outlier Ratio (OR) defined as the ratio of the number of predictions outside the range of ±2 times the standard deviations of the subjective results, is usually used as a measure of the prediction consistency (i.e., the degree to which the metric maintains the prediction accuracy).
The four metrics were computed after performing a nonlinear regression using a cubic polynomial as the one expressed in (3). The non-linear regression and the performance measures computation was performed individually for each database (i.e., ECVQ, EVVQ, and LIVE Mobile), for individual subsets of each database (i.e., H.264 vs. MPEG-4 Visual for the ECVQ and EVVQ databases, Mobile vs. Tablet for the LIVE Mobile database), as well across all the combined data of the three databases. The data processing and the statistical analysis were conducted using the R v.3.01 statistical software 2 . The performance comparison results of the six objective VQA metrics in terms of the PLCC, SROCC RMSE and OR measures are presented in Tables II to V respectively. The results show that overall across the combined data of the three datasets the VIFp metric offers the best performance in terms of prediction accuracy (highest PLCC and lowest RMSE), prediction monotonicity (highest SROCC) and prediction consistency (lowest OR). On the overall data the MS-SSIM metric performs only slightly worse, while the PSNR metric had the lowest performance among the considered metrics. Looking individually across the three different databases the results show that for the ECVQ database, containing sequences with the lowest resolution 352×288 pixels, the best performing metric is SSIM. For the EVVQ database that contains sequences with the middle resolution 640×480 pixels, the best performing metric is MS-SSIM, whereas the LIVE Mobile database that contains sequences with the highest resolution 1280×720 pixels, the best performing metric is VIFp.
D. Mapping the VIFp Metric to the Subjective MOS Scale
The best performing objective VQA metric VIFp, was chosen in order to illustrate how its values can be mapped to the subjective MOS scores, when the proposed mapping methodology is used.
Following the mapping methodology steps presented in section III-B, first the subjective data for the LIVE Mobile database was converted according to the formula from (7) , to the same 0 -100 scale used by the ECVQ and EVVQ databases (Step 2). Moreover, the values of the VIFp metric that are expressed on a continuous scale between 0-1 were computed (Step 3). After that, a nonlinear regression using a cubic polynomial function as described by the formula from (3), was performed between the subjective MOS scores and the values of the VIFp objective metric (Step 2). Figure 1 presents the nonlinear fitted cubic polynomial function used by the mapping methodology in order to map the values of the VIFp full-reference objective VQA metric to the MOS scale. The combined data from all three VQA databases was used for the mapping. The figure also presents the 95% confidence bands, as well as the four coefficients of the nonlinear model. The nls function from the R statistical software was used for computing the optimum coefficients that minimise the least square errors between the vector of objective VIFp values and the vector of subjective MOS values. Analysing the goodness of fit for the nonlinear regression model (Step 5), the results show that the mapping performance is as high as 80.76% (R 2 = 0.8075, p < 2.2e-16, F = 330, DF = 236).
Table VI presents the mapping of the VIFp objective VQA metric values to the subjective MOS scores, obtained by applying inverse interpolation on the nonlinear model (Step 6). Following the recommendations on video quality assessment scales from ITU [8] , the continuous 0 -100 MOS scale was converted to the discrete 1 -Bad to 5 -Excellent MOS scale, by dividing it into 5 equal intervals of length 20 and assigning a discrete quality level to each interval. As illustrated in Figure 1 the lower VIFp threshold values for the 2, 3, 4 and 5 user-perceived MOS quality levels, correspond to the 20, 40, Table VII presents the quality estimation performance of the obtained VIFp mapping solution, across the different subsets from the three databases (i.e., H.264 vs. MPEG-4 Visual for the ECVQ and EVVQ databases, Mobile vs. Tablet for the LIVE Mobile database). The quality estimation performance is analysed in terms of accuracy (using PLCC and RMSE), monotonicity (using SROCC) and consistency (using OR). The PLCC results show that across the different databases, the quality estimation accuracy of the VIFp metric's mapping varies from 0.7818 in case of the EVVQ database to 0.9041 in case of the LIVE Mobile database. Across individual subsets the estimation accuracy is better for the MPEG-4 Visual subset than for the H.264 subset both in case of the ECVQ database (0.8208 vs. 0.8108), and in case of the EVVQ database (0.8027 vs. 0.7527). Moreover the PLCC quality estimation accuracy is better for the tablet subset that the smartphone subset in case of the LIVE Mobile dataset (0.9484 vs. 0.8881). Similar conclusions can also be drawn in terms of the RMSE quality estimation accuracy results, SROCC quality estimation monotonicity results, and the OR quality estimation consistency results.
V. CONCLUSIONS AND FUTURE WORK
Automatic multimedia quality assessment methods with clear interpretations are increasingly needed, as multimedia services are growing at a fast pace and users are becoming more quality-aware. This paper has proposed a novel methodology for mapping the values of full-reference objective VQA metrics to the subjective MOS scale, based on subjective data from public VQA databases.
The performance of six different full-reference objective VQA metrics was compared using data from three recent databases, that provide subjective ratings for multiple compressed test sequences with different content characteristics and resolutions. A mapping solution using the proposed methodology was demonstrated and evaluated for the Visual Information Fidelity pixel domain version (VIFp) full-reference objective VQA metric, which was shown to present the best performance among the compared metrics.
Future work will aim to improve the proposed methodology by considering other mapping functions. The evaluation of the mapping methodology will also be extended for additional objective VQA metrics, and subjective data for test sequences with different resolution, framerate and bitrate values.
